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Abstract: Federated learning (FL) has wide applications in the internet of vehicles (IoV), but it requires vehicles to perform
local training and upload complete model parameters, resulting in heavy communication overhead. To address this issue, this
paper proposes a semantic communication-assisted FL (SeFL), which reduces communication overhead by uploading seman-
tic features instead of model parameters. Particularly, the vehicle side employs pre-trained encoders to extract and transmit
features, while the server aggregates features for centralized task head training. Moreover, SeFL mitigates the negative impact
of non-independent and identically distributed (non-I1ID) data on model performance through the server centralized training,
which aggregates multi-source semantic features to reconstruct global data distribution. Besides, SeFL treats delayed semantic
features as new samples participating in iterations, effectively avoiding convergence instability caused by outdated parameter
aggregation. Experimental results demonstrate that when using ResNet-101 as the backbone network with a per-round aggrega-
tion time threshold (Tinreshola) Of 1.0 s, SeFL achieves classification accuracy improvements of about 8.8% and 18.0% compared
to traditional FL (TFL) and hierarchical FL. (HFL), respectively. SeFL also reduces total communication overhead by about
99.2% and 98.5% compared to TFL and HFL, respectively. It also shows that when the Tipesnolq is decreased from 1.0 s to 0.3
s, SeFL maintains relatively stable accuracy while TFL accuracy drops by approximately 28.9%.
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1 Introduction locally and periodically upload model updates to a central
server for aggregation [8—11].

Although FL is promising for IoV, several challenges re-
main in practical deployments. First, exchanging complete
model parameters incurs relatively high communication over-
head, which strains limited wireless resources [12, 13]. In
the process of FL involving multiple vehicles, frequent pa-
rameter transmissions consume substantial bandwidth, ex-
tend the training cycles per round, and may interfere with
the normal communication of other IoV services. Second,

1.1 Background

With the development of Internet of Vehicles (IoV), vehicles
are increasingly equipped with sensors and communication
modules, enabling real-time collection of large-scale data
such as road conditions, traffic flow, and environmental in-
formation [1, 2]. Models trained on such data can support
perception, planning, and prediction, which are essential for

IoV applications including safety alerts, route optimization,
and autonomous driving [3-7]. To avoid the heavy commu-
nication burden of aggregating raw data, federated learning
(FL) has been regarded as a promising solution in IoV to en-
able collaborative model training by allowing vehicles to train
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communication latency significantly affects model conver-
gence [14, 15]. Due to dynamic network topology and chang-
ing wireless channel conditions in IoV, model updates may
experience transmission delays. Aggregating outdated param-
eters reduces convergence speed [16], and delayed updates
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negatively impact global model performance [17]. Therefore,
communication latency affects both convergence speed and
training effectiveness. Third, due to differences in geograph-
ical location, driving routes, and sensing hardware among
vehicles, IoV data are often non-independent and identically
distributed (non-IID) [18], which causes divergence in local
model weights and degrades both convergence speed and final
accuracy [19]. To address the issues of high communication
overhead, communication latency, and non-IID data, semantic
communication (SC) has attracted renewed interest.

SC is a newly emerging approach to information trans-
mission that focuses on extracting and transmitting the most
relevant semantic information in data [20]. Compared with
transmitting complete model parameters, it can substantially
reduce communication overhead [21]. In addition, interaction
based on semantic information provides opportunities to re-
design the FL framework and may help mitigate the impact of
communication latency and non-IID data on model synchro-
nization. Therefore, integrating SC into IoV FL is expected
to collaboratively address the triple challenges of bandwidth
limitations, communication latency, and non-IID data [22].

1.2 Related Work

Up to now, some studies have explored the integration of SC
into FL in IoV. In [23], the authors proposed the privacy-
preserving personalized FL framework, which split the en-
coder for training and partially aggregated it, effectively
updating semantic encoders in autonomous driving networks.
In [24], the authors proposed a SC framework for IoV em-
powered by FL, which jointly optimized semantic selection
and resource allocation based on the semantic-aware algo-
rithm, achieving high semantic extraction accuracy. Overall,
these studies verified the feasibility of integrating SC with
the FL framework and demonstrated the potential for comple-
mentarity between the two frameworks.

Nevertheless, the aforementioned studies have not fully
addressed the resource limitations and network dynamics in
IoV. Bandwidth constraints, communication latency, and non-
IID data remain key bottlenecks [25]. Several studies have
started to explore SC-FL integration schemes with better
adaptability [26, 27]. Particularly, to reduce communication
overhead, in [26], the authors proposed mobility-aware split
federated transfer learning, where semantic the encoder and
decoder are split into four components. Vehicles kept the pre-
trained model and the last decoder layer, while the edge cloud
trained the fine-tuning layer and a private decoder. With this
design, only the parameters of the last decoder layer need
to be aggregated, which reduces communication overhead.
However, their study did not consider the impact of non-IID
data. To mitigate non-IID effects, in [27], the authors pro-
posed semantic-aware vector-quantized variational autoen-
coders. The framework uses a contrastive language—image
pre-training model to estimate the semantic importance of
image patches for semantic compression, and employs vector-
quantized variational autoencoders to map continuous fea-
tures into a discrete codebook, so that only codebook indices
are transmitted to reduce transmission overhead. In addition,
a hypernetwork is trained at the edge server to generate per-
sonalized self-attention layer weights for each vehicle, which
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allows the model to adapt to local data distributions while re-
taining shared knowledge, improving accuracy under non-IID
data. Although the above mentioned studies reduced com-
munication overhead and addressed non-IID data to some
extent, they did not take into account the communication la-
tency caused by dynamic topology and resource constraints
in IoV. In practice, aggregating outdated parameters due to
delays can severely degrade global convergence [17]. Since
the three challenges, i.e., bandwidth limitations, network de-
lay, and non-IID data often coexist in real deployments, the
lack of systematic joint optimization makes it difficult to
guarantee global model performance in IoV. To the best of
our knowledge, no existing work has jointly addressed the
aforementioned challenges within an IoV-SC-FL integration
framework.

1.3 Motivations and Contributions

To fill this gap, a new FL framework that can reduce com-
munication overhead while ensuring model performance and
system stability is designed. However, two key challenges
arise in designing such a new FL framework. First, there is
a trade-off between communication overhead and model pre-
cision [28]. That is, how to effectively reduce the amount
of transmitted data to accommodate limited vehicular net-
work resources while ensuring the performance of the final
model remains a challenge. Second, the dynamic changes
in IoV environment pose a severe challenge to the stabil-
ity of training. Importantly, the non-IID nature of on-board
data and the communication delays caused by dynamic topol-
ogy often interweave with each other. Moreover, the former
challenge leads to the deviation of model weights from the
global optimum, while the latter results in outdated param-
eter aggregation. The combined effect of these two factors
seriously disrupts the convergence process of the model. To
address these challenges, this paper proposes an SC-assisted
FL (SeFL) framework for IoV. The main contributions are
summarized as follows:

* An SC-assisted FL framework for IoV, termed SeFL,
is proposed. This framework divides the global model
into vehicle-side pre-trained encoders and server-side task
heads. Vehicle-side clients deploy frozen encoders for for-
ward semantic encoding and upload compressed semantic
features to the server. The server aggregates semantic
features from each vehicle and centrally trains the classi-
fication task head. This design replaces model parameter
transmission with semantic feature transmission, offload-
ing the classification task head training process from vehi-
cles to the server, reducing communication overhead while
eliminating the need for backpropagation computation on
vehicles, thereby reducing the computational burden on
vehicles.

* SeFL mitigates the negative impact of non-IID data on
global model performance by aggregating semantic fea-
tures from multiple vehicles on the server and reconstruct-
ing a training set that covers the global data distribution.
Meanwhile, the training paradigm based on semantic fea-
tures regards the delayed feature data as new training
samples to participate in model iteration, avoiding the
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convergence fluctuation problem caused by outdated pa-
rameter aggregation in traditional FL (TFL) and enhancing
the stability of the system in communication delay envi-
ronments.

* Experiments show that using ResNet-101 neural network
(NN) model with a time threshold (Tipreshold) of 1.0 s,
SeFL achieves about 91.8% classification accuracy, im-
proving by about 8.8% and 18.0% over baseline methods
TFL and hierarchical FL. (HFL), respectively. SeFL re-
duces communication overhead by approximately 99.2%
and 98.5% compared with TFL and HFL. Moreover, when
the Tinreshold 18 reduced from 1.0 s to 0.3 s, which short-
ens the per-round communication window, SeFL maintains
stable performance.

1.4 Notations

Bold lowercase letters denote vectors, bold uppercase letters
denote matrices, and italic letters denote scalars. An image
is represented as x; € R¥*W*C where H, W, and C denote
the image height, width and number of channels, respectively.
N (u,0?) denotes a normal distribution with mean yu and
variance 62. || -||» denotes the £, norm, Vg denotes the gradi-
ent with respect to 6, and 1(-) denotes the indicator function,
which takes the value 1 when the condition is true, and O
otherwise.

1.5 Organization

The remainder of this paper is organized as follows. Section 2
describes the system framework and communication model of
the proposed SeFL. Section 3 presents the training algorithm
for SeFL. Section 4 evaluates SeFL through comparative
experiments. We conclude the paper in Section 5.

2 The Proposed SeFL

To better describe the presented SeFL, this section first intro-
duces the framework and model update of TFL in IoV, and
then presents the framework and workflow of SeFL. More-
over, in view of the dynamic topology changes in IoV, a
Tinreshold 18 used to characterize the server waiting window,
and a communication delay model is constructed by inte-
grating distance, speed, and channel randomness. We also
propose three methods for handling outdated data to meet
different scenario requirements.

2.1 TFL in IoV

FL is a distributed machine learning paradigm [29] that en-
ables multiple clients to collaboratively update a global model
without sharing raw local data. The core idea is that each
client independently updates the model based on its local data,
then uploads the updated parameters to a central server for
aggregation. The server then distributes the aggregated global
model parameters back to each client, and this process is
repeated until the global model converges.

TFL in IoV follows the aforementioned FL process. As
shown in Figure 1, the system architecture comprises three
main components, i.e., multiple vehicle-sides (labeled as
“Vehicle-side” at the bottom), a central base station (at the
top), and bidirectional wireless communication links between
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them. Each vehicle maintains a complete NN model con-
sisting of a feature extraction encoder (yellow color) and a
classification task head (blue color). The server typically per-
forms federated aggregation using a weighted average, where
the weight of each client is proportional to its local data
size. The aggregated global parameters are then sent back to
vehicles for the next round of updates.
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Figure 1: System framework of TFL

In TFL, the vehicle-side acts as a data holder and is
responsible for data processing and model updates. This
requires the vehicle-side to perform the complete update
process using local data and upload the updated model param-
eters to the server. The server collects model parameters from
all vehicles, performs federated aggregation, and redistributes
the updated global model to all participating vehicles. The
communication network undertakes the two-way transmis-
sion task of model parameters between the vehicle-side and
the server, and its stability and bandwidth capacity directly
affect the update efficiency of the entire FL system.

At the beginning of training, the server initializes the
global model Bg)gbal and broadcasts the model to all partici-
pating vehicles through the communication network. Subse-
quently, each vehicle i receives the global model and performs
model updates using its local dataset &;. The local update
process in round ¢ is defined as

|2
—1 _
0/ =08~ Y Vol (f(OL o) y), (D)
j=1

where f(-) represents the complete NN training including
both forward and backward propagation stages, .Z(+) is the
loss function, and 1 is the learning rate. After local up-
dates are completed, each vehicle needs to upload the updated

model parameters Oim to the server. Upon collecting vehicle
parameters, the server performs weighted average aggrega-
tion. The parameter aggregation process is defined as

71
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where N is the number of vehicles participating in the cur-
rent round of training, and |%;| is the dataset size of vehicle
i. Finally, the server distributes the aggregated updated global
model to all vehicles, initiating the next round of the cycle.

2.2 Proposed SeFL Framework

Compared with TFL, the proposed SeFL splits the original
complete vehicle-side NN model into two separate compo-
nents, a feature extraction encoder and a classification task
head, which are deployed on the vehicle-side and server-side,
respectively. As shown in Figure 2, the yellow part on ve-
hicles represents the pre-trained encoders, which extract and
upload semantic features along with labels. The blue part
on the server represents the classification task head, which
downloads the task head model parameters to all vehicles af-
ter each training round. Unlike TFL where both encoder and
classifier are updated on vehicles, SeFL’s vehicle-side en-
coders remain frozen throughout training and only perform
forward inference to generate features. The server-side task
head receives features from all vehicles and only broadcasts
lightweight classifier parameters back to vehicles. This archi-
tecture changes the communication pattern in that vehicles
transmit compressed features instead of millions of model pa-
rameters, while only receiving the small task head instead of
the complete model.
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Figure 2: System framework of SeFL.

Existing studies have reported that pre-trained visual en-
coders possess powerful feature representation capabilities
and cross-task generalization [30-33]. Therefore, the SeFL
proposed in this paper adopts a pre-trained encoder, which
is obtained by loading ResNet models pre-trained on the Im-
ageNet dataset. These encoder parameters are frozen before
federated training starts and remain fixed throughout the en-
tire training process. On the server-side, the system centrally
receives semantic features from the vehicle-side and builds
a dataset covering the global data distribution to update the
classification task head.

The workflow of the entire system is divided into four
stages, including semantic feature extraction, feature trans-
mission, centralized update, and model distribution. Assume
that IoV contains V vehicle-sides. The semantic feature ex-
traction process of the i-th vehicle-side is defined as Eppe. This
process utilizes a pre-trained encoder to achieve the mapping
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from the original image space to the semantic feature space,
ie., REWXC _ RM For an input image x;, the semantic
feature extraction process can be expressed as

Yi = Epre(xi)v (3)

where y; € RM is the extracted M-dimensional semantic fea-
ture vector, which preserves the key semantic information
of the image while achieving data compression. After the
features are uploaded to the server, the system enters the
centralized update stage. Specifically, the server merges the
received data {S;}}_, to construct a dataset covering global
data distribution, where S; = {y;,/;} is the semantic feature
set containing data labels /; uploaded by the i-th vehicle. The
optimization objective on the server-side is to minimize the
global loss function Zyjgpal, defined as

Ly 0 2116c3
m;( Y UCaoba(y)),Lj) +All6cl)3,

¥j.lj)€S;i
€]

where £(-,-) is the cross-entropy loss function, A is the reg-
ularization coefficient, and the regularization term A ||6c||3
is introduced to constrain the parameter range and prevent
model overfitting, where O¢ denotes the classification task
head parameters. For the 7-th batch, the update process of the
classification task head is expressed as

Lalobal =

o) =i~ —q v, 5)

where 1 denotes the learning rate, and v{*) represents the
accumulated momentum term, i.e., the weighted average of
current and historical gradients. After the server completes
the centralized update and broadcasts the global classification
task head parameters, each vehicle receives them and updates
its local classification task head, then proceeds to the next
round of iteration until the model converges.

2.3 Communication Model

During the FL process, the server typically waits for vehicle-
sides to upload their updates before performing aggregation.
In IoV, however, transmission delays vary across vehicles due
to dynamic topology and varying channel conditions. Vehi-
cles with large delays may slow down the update process
of the global model, and without an effective time limit, the
server may end up waiting indefinitely.

To avoid this issue, we introduce a Tireshold ON the server,
namely a per-round waiting window in which the server only
processes updates that arrive on time. To model data timeli-
ness, we further define a maximum delay in rounds, denoted
by Smax, which limits how many previous rounds a delayed
update can remain eligible for aggregation.

The communication model considers factors such as dis-
tance, speed, and channel variations [34]. For a data transmis-
sion of S bytes, the total transmission time is the sum of data
transfer time and network delay, defined as

S

Tivanster = 5,
Befr

(6)



Luo et al. / J. Intell. Comput. Netw. 2026 2(1):55-69

where the bandwidth is modeled as Beg = %(_)6/8 [35], and
C; is the congestion factor introduced to characterize the im-
pact of network congestion on actual throughput. The total
transmission time is

Tiotal = Tiranster + Tdelaya @)

where Tgelay is influenced by three components, namely the
base delay dpgse, the velocity factor dyejocity, and the random
variation factor 7. First, to model the effect of transmis-
sion distance on delay [36], the base delay dps is defined.
As signal attenuation increases with distance, the signal-
to-noise ratio decreases, leading to a higher retransmission
probability. The base delay is then modeled as a function of
communication distance, defined as

X7
r

where & represents the initial delay. The initial vehicle posi-
tions are randomly placed within a circular area centered at
the base station, with a coverage radius of r meters. (x;,y;)

dbase = 50 + X ﬁv (8)

denote the vehicle position coordinates, and 4 /xl-2 + yl-2 repre-
sents the distance from the vehicle to the base station, while
B is the distance scaling factor. Second, to model the impact
of vehicle mobility on communication stability [34], the ve-
locity impact factor dyelocity is introduced. High-speed vehicle
movement induces Doppler shift, which shortens the channel
coherence time and increases the bit error rate. This effect is

modeled as

Sy
dvelocity = min <S‘}178> , 9

v

where §,, is the i-th vehicle speed in m/s, S, is the speed limit
for urban roads, and ¢ is the velocity impact limit, determined
by the maximum speed limit of urban roads. Third, to model
fading effects in real wireless channels, such as multipath
propagation and shadowing [37], a normally distributed ran-
dom perturbation factor 1 ~ .4 (i, 62) is introduced. Finally,
the transmission delay Tgelay iS given by

Tdelay = dpase * dvelocity ‘N o, (10)

where @ is a scaling factor for global delay. According to
the model above, we define the data arrival condition. That
is, if the vehicle’s uploaded data satisfies Tiota1 < Tihresholds it
is considered on time and is included in the current round of
training. Otherwise, the data will be handled in subsequent
rounds according to the straggler policy.

Based on straggler handling policies in FL [17, 38], this
paper defines three methods to accommodate varying data
timeliness requirements. The none policy accepts all data that
arrives, regardless of its staleness, and is suitable for scenarios
that require maximum data utilization. The drop policy sets
the weight of data exceeding the maximum delay rounds to
zero, making it suitable for scenarios with high model perfor-
mance demands. The weight policy uses an exponential decay
function to model the relationship between staleness level and
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data contribution, striking a balance between model perfor-
mance and data utilization. Defining the staleness rounds as
Ar, the delay weighting function can be unified for different
straggler handling strategies as

1.0, if policy = none’,

1.0, if policy = drop’ and Ar < Spax,

w(Ar) = 7€(0,1),

0.0, if policy ="drop’ and Ar > Spax,
YA, if policy = *weight’,
an

where 7 represents a weight parameter. If each vehicle is as-
signed a weight, then w; 2 w(Ar;). Furthermore, to model
packet loss in IoV communication due to factors like chan-
nel interference and network congestion, referring to [39], a
transmission failure probability model is formulated to be

Prait = Poop X (1= R) x 7). (12)

where P, is the base packet loss rate, R is the network reli-
ability parameter, ™) is the retry decay factor [40], and N is
the maximum number of retransmissions. This model charac-
terizes the impact of the retransmission mechanism on trans-
mission reliability. After the initial transmission failure, the
data enters a retry loop, recalculating the transmission failure
probability Pr,; each time. If all attempts within the maximum
retransmission count fail, the data packet is discarded.

3 Training Method of SeFL

To explain the training process of SeFL, this section breaks
down the method into three parts, i.e., the overall training
process, semantic feature extraction on the vehicle-side, and
centralized training on the server-side. Specifically, the over-
all training process describes the system initialization, the
execution flow of the main training loop, and the coordina-
tion between components. The semantic feature extraction
on the vehicle-side details the process of converting raw im-
ages into semantic feature vectors. The centralized training
on the server-side presents the method for optimizing the
classification task head based on aggregated features.

3.1 Overall Training Scheme of SeFL

The overall training process of SeFL must coordinate inter-
actions between vehicles and the server while accounting for
uncertainty due to network fluctuations in IoV environments.
To fully utilize data, the algorithm introduces an outdated data
processing strategy. The training procedure consists of ini-
tialization, iterative model updates, and outputting the final
result.

As shown in Algorithm 1, the setup phase consists of
server-side and vehicle-side procedures. On the server-side,
the classification task head parameters are initialized and the
optimizer is configured. On the vehicle-side, each vehicle
loads the pre-trained encoder and prepares the transmitted
index set. The iterative model update is the core execu-
tion stage of SeFL, which sequentially executes four steps
of vehicle-side feature extraction, communication delay pro-
cessing, server-side training, and model broadcasting. During
the vehicle-side feature extraction stage, each vehicle invokes
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Algorithm 2 to extract semantic features, packages them for
transmission, and calculates the corresponding transmission
time. If the transmission time exceeds the Tinreshoid Of the cur-
rent round, the delayed data are assigned appropriate weights
according to the weight policy in the delay strategy. Then,
in the server-side training stage, the arrived features are sam-
pled to construct a training set, Algorithm 3 is executed to
update the model parameters, and the updated parameters are
broadcast to all vehicles.

Algorithm 1 SeFL Overall Training Algorithm

Require: Vehicle-side setV = {vy,v2,...,vy }, encoder E, .,
training rounds R, learning rate 0

Ensure: Trained classification task head parameters 9<CR)

1: Server-side Initialization:

2 0 « init()

3 0+ Optimizer(e(co);n,u,...)

4: featureseryer < I

5. Vehicle-side Initialization:

6: for each vehicle-side v; € V do

7 vi.encoder < Epp,

8: vi.cache <+ &

9: end for

10: Iterative Model Update:

1: forr=1,...,Rdo

12: Arrived[r] < @

13: for each vehicle v; € V do

14: Execute Algorithm 2: Vehicle-side semantic fea-
ture extraction

15: Compute  transmission  time: Tiotal
GenerateDelay(v;)

16: if T;otal < 7}hreshold then

17: Add features to Arrived|r]

18: end if

19: end for

20: featuresepyer +— featureseryer UArrived|r]

21: T, < SampleFrom( featureseryer, batch_size)

22: Execute Algorithm 3: Server-side centralized training

23: BroadcastModel (G(Cr) V)

24: end for

25: return 9<CR)

3.2 Vehicle-Side Semantic Feature Extraction

Vehicle-side semantic feature extraction primarily transforms
raw image data into semantic features. SeFL uses frozen
pre-trained encoders, with vehicles performing only forward
inference.

As shown in Algorithm 2, the algorithm consists of three
steps, i.e., image preprocessing, semantic feature extraction,
and feature normalization. Specifically, in the image prepro-
cessing step, bilinear interpolation is used to resize the input
image to a uniform size, followed by standardization. In the
semantic feature extraction step, the frozen pre-trained en-
coder is used to perform forward encoding on the image, gen-
erating semantic feature vectors. The output dimensionality
varies by encoder. Specifically, ResNet-18/34 produce 512-
dimensional features while ResNet-50/101 produce 2048-
dimensional features, achieving compression ratios of 293.4:1
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and 73.5:1 respectively from the original 224 x 224 x 3 input.
In the feature normalization step, L2 normalization is applied
to ensure unit norm, computed as y; < y;/||yi||2, which sta-
bilizes gradient flow during server-side training. Features are
then transmitted directly in FP32 format (4 bytes per value)
without additional quantization or compression to preserve
semantic fidelity.

Algorithm 2 Vehicle-Side Semantic Feature Extraction

Require: Raw data x;, encoder Epre
Ensure: Semantic feature y;
1: Image Preprocessing:
X Resize(xi,H X W)
. X; + Normalize(x;,lL,0)
: Semantic Feature Extraction:
0 ¥i ¢ Epre (Xi,processed)
. Feature Normalization:
. yi + L2 Normalize(y;)
. returny;

I TN S YUY

3.3 Server-Side Centralized Training

Server-side centralized training is the core of SeFL. By ag-
gregating semantic features from multiple vehicles to build a
global dataset, it reduces the impact of non-IID data on model
performance.

As shown in Algorithm 3, after the server receives the
semantic features from each vehicle, it first initializes the
classification task head parameters, momentum, and iteration
counter. It then enters the training loop, updating in batches it-
eratively, computing the global loss, obtaining gradients, and
updating parameters. After training, the final parameters are
returned.

Algorithm 3 Server-Side Centralized Training

Require: Semantic feature set {Si}yzl, learning rate 1, mo-
mentum coefficient pt, regularization coefficient A
Ensure: Updated classification task head parameters O¢
1. Initialization:
2 O(C()) —0,v9 0,70
3. for epoch = 1 to max_epochs do

& 2« Shuffle(UY, S;)

5: for each batch B do

6 t—t+1

7 Compute loss: Zyiobal

8: Compute gradient: g(*) « ngglobal(G(Ct*l),B)
9: Update momentum: v{*) <y - v(=1 4 g(1)

10: Parameter update: O(Ct) — O(CFI) —n-vl)

11: end for

12: end for

13: return Og inal)

4 Experimental Validation

To validate the effectiveness of the proposed SeFL frame-
work, this chapter compares SeFL with three baseline meth-
ods. As shown in Figure 3, we construct an IoV simulation
scenario to validate the performance of SeFL. Specifically,
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within the coverage area of a base station with radius r,
V vehicles are randomly distributed [41]. Each vehicle is
equipped with a frozen pre-trained encoder Ey. for local
semantic feature extraction, while the server maintains and
trains only the classification task head parameters O¢. In
each SeFL round, vehicle v; € {1,2,...,V} performs for-
ward encoding on local images to generate feature-label pairs
{»,1} and uploads them to the server. The server determines
whether the received data arrive within the aggregation time
window Tinreshold and assigns weights to delayed data accord-
ing to the policy w(Ar) before training. Finally, the updated
Oc is broadcast to all vehicles to complete the iterative up-
date. The remainder of this chapter is organized as follows,
i.e., Section 4.1 outlines the experimental setup, including
the dataset, communication conditions, NN framework, base-
line methods, and evaluation metrics. Section 4.2 presents
some experimental results to discuss the effectiveness of
SeFL, validating SeFL’s classification accuracy and stabil-
ity under various network conditions, with a particular focus
on the model’s performance as network conditions change.
Section 4.3 compares the communication overhead of each
method, highlighting SeFL’s advantage in reducing commu-
nication costs. Section 4.4 assesses the convergence speed
of each method by measuring the iteration time per round,
demonstrating SeFL’s efficiency in enhancing training perfor-
mance. Section 4.5 further evaluates the robustness of SeFL
under different degrees of non-1ID data distributions.
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Figure 3: Simulation scenario of SeFL in IoV environment

4.1 Experimental Settings

Dataset: As shown in Figure 4, experiments are conducted
using the german traffic sign recognition benchmark (GT-
SRB) [42], which includes traffic sign images from 43 cate-
gories. We use 35,288 images for training and 3,921 images
for testing. All images are resized to 224 x 224 pixels and
standardized with mean pu = [0.485,0.456,0.406] and stan-
dard deviation o = [0.229,0.224,0.225]. Data augmentation
techniques, such as random horizontal flipping, rotation, and
brightness adjustment, are applied to the training data.

Figure 4: Sample Images from GTSRB Dataset
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To validate SeFL’s advantage in handling non-IID data,
the 43 traffic sign categories of the GTSRB dataset are as-
signed exclusively to vehicles, as shown in Figure 5. Each
category is assigned to a single vehicle, with no overlap be-
tween categories, ensuring a non-IID data distribution across
vehicles. The exclusive category assignment is based on sev-
eral key considerations. Firstly, in practical deployment, vehi-
cles operating in different geographical regions or at different
times naturally encounter different traffic sign distributions.
Urban vehicles mainly encounter speed limit and pedestrian
crossing signs, while highway vehicles mainly encounter di-
rectional signs. Such route-dependent specialization leads to
a natural skew in the distribution of scenarios. Secondly, the
extreme non-IID setting validates algorithm robustness under
the most adverse conditions, ensuring reliable performance
across all non-IID levels.
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Figure 5: Results of Client Data Partitioning

After category assignment, each vehicle-side further splits
its local data into training and validation sets with an 80:20
ratio. The training set is used for semantic feature extraction
and model updates on the vehicle-side, while the validation
set is used for assessing local model performance and tuning
hyperparameters.

Table 1: Parameter settings for different network condition
levels

Network Bandwidth Initial Delay packet Loss

Level B (Mbps) & (ms) Rate P (%)
Excellent 50.0 10 0.01
Good 20.0 30 0.1
Fair 5.0 100 1
Poor 1.0 500 5

Communication Settings: As presented in Table 1, this
paper defines four distinct network condition levels, which are
randomly assigned to V = 5 vehicles in a cyclic manner. Vehi-
cle initial positions are randomly distributed within a circular
area centered at the base station, with a radius of » = 1000
meters. Vehicle speed Sy, is uniformly distributed over [0,30]
m/s. The distance coefficient is set to B = 0.5. The speed fac-
tor upper limit is set to € = 2.0. The random perturbation
factor follows N ~ .#(1.0,0.22). The maximum delay round
is set to Smax = 2, and the global delay scaling factor is set to
® = 1.0. Under the weighting strategy, the weight parameter
is set to ¥ = 0.1. The network reliability parameter is set to
R = 0.99, the retry decay factor is set to ™) = 0.9, and the
maximum number of retransmissions is set to N = 3. In the
experiments, since the feature data from SeFL is continuously
utilized and regarded as newly added samples, the “none”
strategy is applied to SeFL with its weight consistently set to
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1.0. For TFL and HFL, during the training of the classification
task head, employing the “none” or “weight” strategies leads
to gradient explosion issues. Consequently, only the “drop”
strategy can be adopted for both TFL and HFL. As for FTFL,
it employs the “weight” strategy to ensure full utilization of
stale information.

Neural Network Structure: Pre-trained ResNet [43]
models on the ImageNet dataset are used as semantic en-
coders. Before federated training begins, the base station dis-
tributes pre-trained encoders to all vehicles. Taking ResNet-
101 as an example, the SeFL network structure, as illustrated
in Figure 6, consists of the following components:

encoder
112x112x64

56x56%256

[0 classifier

2048x%1
: J

! Jlogits_of class 1

[ MLP |(2048—1024);
o |

. Ji;gilsiaficlass(]

m|

224%224x3|
+
labels

CONV3_ X | 28x28%512

logits_of class 2

CONV4 X | 14x14x1024
[0.1....... n

CONV5_X

Tx7%2048

AVGPOOL | 1x1x2048

FLATTEN 1x2048

Figure 6: Composition of SeFL Network Structure

The encoder employs a pre-trained ResNet-101 NN
model, consisting of 1 convolutional layer, 4 groups of
residual blocks (CONV2_X, CONV3_X, CONV4_X, and
CONV5_X containing 3, 4, 23, and 3 residual blocks re-
spectively) [44], and a global average pooling layer, which
ultimately outputs a 2048-dimensional semantic feature vec-
tor. The feature representations learned by the pre-trained
model on ImageNet exhibit strong generalization capability,
enabling the capture of semantic information ranging from
low-level edges and textures to high-level abstractions. In
SeFL training process, the encoder parameters remain frozen,
avoiding large-scale parameter updates and reducing the com-
putational burden on vehicle-side. To validate the impact of
different model scales on SeFL performance, experiments are
also conducted using ResNet-18, ResNet-34, and ResNet-50
NN models.

The classification task head adopts a single-layer fully
connected network with an input dimension of 2048 and
an output dimension of 43 (corresponding to the number of
categories in the GTSRB dataset), utilizing Softmax as the
activation function. For SeFL, this classification task head is
trained exclusively on the server-side, while for TFL, FTFL,
and HFL, the head participates in distributed training across
vehicles and the server. Training employs the SGD optimizer
with a learning rate of 0.01 and a momentum coefficient of
0.9. The loss function combines cross-entropy loss with L2
regularization, where the regularization coefficient is set to
A = 10~ for all methods.

Comparison Baseline Settings: To evaluate the effec-
tiveness of the SeFL framework, this paper designs three
groups of comparative experiments.

Traditional federated learning (TFL) requires the
vehicle-side to maintain a complete deep learning model, in-
cluding the feature extraction encoder and the classification
task head, and upload the updated model parameters to the
server. In TFL, the encoder is trainable, and vehicles per-
form 5 local epochs of training per round using their local
datasets before uploading the complete model parameters,
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which include both encoder and classifier, to the server for
aggregation.

Fine-tuning FL. (FTFL) adopts a strategy similar to
SeFL, using a pre-trained ResNet encoder for feature extrac-
tion, keeping the encoder frozen, and performing federated
training on the task head. Although the encoder remains
frozen like SeFL, the key difference is that the classifica-
tion task head is trained locally on each vehicle for 5 local
epochs, and only the classifier parameters are uploaded to
the server for aggregation. This requires vehicles to perform
backpropagation for the classifier, unlike SeFL’s server-only
training approach. After feature extraction and task head
training, vehicle sides upload the parameters to the server for
aggregation.

Hierarchical FL. (HFL) [26] divides the NN between
vehicle sides and the server for hierarchical training. The
ResNet encoder is divided into two parts, i.e., the vehicle-side
encoder E;, which uses pre-trained parameters and is kept
frozen for preliminary feature extraction, and the server-side
encoder E;, which participates in training for deep seman-
tic extraction. The task head is split into the server-side task
head C; and the vehicle-side task head C,, both participating
in separate training.

Taking ResNet-101 as an example, Figure 7 depicts the
network structure of HFL. The training process consists of
four stages. Specifically, first, the vehicle-side uses the frozen
encoder E to extract features from data x;, producing blurred
features for = E1(x;) (i.e., intermediate feature maps out-
put by the shallow vehicle-side encoder Ej, which have not
yet undergone deep semantic extraction by E»). E; includes
the convolutional layer, residual block groups 2-4 (CONV2_X
to CONV4_X), and the first residual block of CONV5_X
(conv5_1), with the remaining residual block (conv5_2) allo-
cated to the server. Second, the server uses E; for deep feature
extraction, yielding ycompiete = £2(foiur), and generates an in-
termediate representation Ziansform = C1(Ycomplete) Using Ci.
Third, the vehicle-side receives Ziansform and updates the pa-
rameters of C; (6c,) using local labels. Finally, the server
aggregates ¢, and feature gradients from all vehicle sides
to update E; and C;. This hierarchical design enables collab-
orative training between the vehicle-sides and the server in
HFL.
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Figure 7: Composition of HFL Network Structure

Shared Training Settings: To ensure fair comparison, all
methods share the following configurations: (1) Total training
rounds: R = 20. (2) Optimizer: SGD with momentum coeffi-
cient 4 = 0.9. (3) Learning rate: 1 = 0.01 (fixed throughout
training). (4) L2 regularization: A = 10~*. (5) Image prepro-
cessing: resize to 224 x 224 pixels with ImageNet normaliza-
tion (1 = [0.485,0.456,0.406], c = [0.229,0.224,0.225)).
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Method-Specific Differences: The key differences
among methods are: (1) Encoder training status: SeFL, FTFL,
and HFL-E; keep encoders frozen; TFL and HFL-E, have
trainable encoders. (2) Training location: SeFL trains the clas-
sifier exclusively on the server; TFL, FTFL, and HFL train
classifiers on vehicles. (3) Local epochs: SeFL has no local
epochs; TFL, FTFL, and HFL perform 5 local epochs per
round. (4) Upload content: SeFL uploads semantic features;
TFL uploads complete model parameters; FTFL uploads
classifier parameters; HFL uploads blurred features and the
parameters of Cy.

Evaluation Metrics: To evaluate the performance of the
SeFL framework, this paper assesses it based on three metrics,
i.e., model effectiveness (classification accuracy), interaction
overhead, and convergence speed. Model effectiveness re-
flects the success of SeFL’s server-side centralized training
in mitigating the impact of non-IID data. Additionally, by
setting different Tinresnola to simulate various network delay
conditions, the performance stability of each method can be
validated. Interaction overhead quantifies the communication
efficiency achieved by replacing model parameter transmis-
sion with semantic features. Convergence speed reflects the
optimization of system iteration efficiency achieved during
training.

This paper quantifies interaction overhead from the per-
spective of communication volume. Per-round uplink com-
munication volume quantifies the average data transmitted
from vehicle-side to the server during each training round,
calculated as Cjo™ = L YV | |M]' pload) " \where N denotes the
number of vehicles participating in the current training round,
and |M"™*| represents the number of bytes uploaded by
vehicle-side i. All numerical values are encoded in FP32
(32-bit floating-point, 4 bytes per value) for model parame-
ters and features, and in int32 (4 bytes) for labels. For TFL
and FTFL, the uplink data consist of model parameters. For
SeFL, the uplink data consist of semantic feature vectors and
corresponding labels. For HFL, the uplink data consist of
blurred features, corresponding labels, the parameters of the
classification task head C,, and feature gradients. Per-round
downlink communication volume quantifies the average data
transmitted from the server to vehicle-side during each train-

ing round, calculated as CRUnd = Ly |pgdownload| "y here

|Mdownload| represents the number of bytes distributed from
the server to vehicle-side i. Specifically, for SeFL and FTFL,
the downlink transmission includes only the parameters of
the classification task head C,; for TFL, it includes all model
parameters; and for HFL, it includes the global model pa-
rameters along with intermediate computational results. Total
communication volume represents the cumulative commu-
nication overhead over all training rounds, i.e., the sum of
per-round uplink and downlink communication volumes.

To quantify the training efficiency of the model, con-
vergence speed is adopted as the evaluation metric, which
is defined as the average time per round required for the
model to reach convergence, measured in seconds. This met-
ric comprehensively reflects both local computation time and
communication transmission time.
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4.2 Effectiveness Experiments of the Proposed
SeFL

To validate the effectiveness of the proposed SeFL, this sub-
section compares the classification performance of SeFL with
three baseline methods (TFL, HFL, and FTFL) on the GTSRB
dataset under different Tinresnolq Values and encoder configu-
rations. All methods use the same pre-trained ResNet series
encoders, and classification performance is measured by ac-
curacy. The experiments set four Tipresnola Values of 1.0 s,
0.7 s, 0.5 s, and 0.3 s to simulate various communication
delay conditions. Figure 8(a—d) shows the classification accu-
racy under four encoder configurations, namely ResNet-101,
ResNet-50, ResNet-34, and ResNet-18, where the horizontal
axis represents the Tinreshola and the vertical axis represents
the classification accuracy.

As shown in Figure 8(a), under the configuration of the
ResNet-101 NN model with a Tipreshord of 1.0 s, the proposed
SeFL method achieves an accuracy of 91.8%, representing an
improvement of 8.8% over TFL, 18% over HFL, and 63.4%
over FTFL. This advantage is attributed to its architectural de-
sign, where the server centrally receives and aggregates the
semantic features uploaded from all vehicle sides, enabling
the classification task head to be optimized based on a training
set that reflects the global data distribution. This effectively
mitigates the negative impact of non-IID data on model per-
formance. Notably, the semantic extraction accuracy of the
FTFL method does not exceed 30%, which is far below the
performance required for practical applications. The reason is
that, although FTFL employs a pre-trained encoder for fea-
ture extraction, the encoder parameters remain frozen, and
only the classification task head is trained locally on each ve-
hicle. Afterward, the task head parameters are uploaded to the
server for federated aggregation. Due to the non-IID distribu-
tion of data across vehicle sides, the locally trained task head
parameters are biased, and simple parameter aggregation can-
not effectively integrate heterogeneous feature spaces, leading
to significant degradation in the global model’s performance.

Figure 8(a) shows that the accuracy of TFL decreases
significantly as Tipreshold Shortens. When the threshold drops
to 0.3 seconds, the accuracy plummets by about 28.9%. The
fundamental cause of this phenomenon lies in the incompat-
ibility between delayed parameter versions and the current
round, leading to gradient conflicts and deviations in the opti-
mization direction, ultimately resulting in model performance
degradation. In contrast, SeFL’s accuracy remains almost un-
affected by changes in the Tihresnold, demonstrating excellent
stability. This stability arises from SeFL’s semantic feature-
based training paradigm, which treats delayed feature data as
additional training samples in model iteration, thus avoiding
the convergence fluctuations caused by outdated parameter
aggregation in TFL and enhancing system stability under
communication delay conditions. Although HFL and FTFL
also show stability, their accuracy is significantly lower than
SeFL. This is because HFL transmits a small amount of
model parameters during training, and in the experiments, a
discard strategy is applied to the delayed model parameters.
While this strategy prevents drastic accuracy fluctuations, it
sacrifices model precision, leading to a gap between HFL’s
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final accuracy and that of SeFL. Even under the 0.3 s Tipreshold
condition, SeFL still achieves an accuracy that is 23.6%
higher than that of TFL.

Horizontally analyzing the experimental results in
Figure 8(b—d), under the ResNet-50, ResNet-34, and ResNet-
18 NN configurations, SeFL maintains a leading advantage in
overall accuracy. Although under the ResNet-50 and ResNet-
34 models with a Tinreshola Of 1.0 s, SeFL’s accuracy is slightly
lower than that of TFL, the gap is kept within 3%. As the
Tinreshold decreases, TFL’s accuracy drops significantly, while
SeFL remains consistently stable.

In summary, SeFL outperforms the baseline methods
in both classification accuracy and stability. These conclu-
sions hold across different encoder configurations, indicating
that the stability and accuracy of the SeFL framework are
not restricted to specific NN models, demonstrating strong
adaptability in complex environments.

4.3 Communication Overhead Evaluation

To validate the advantages of SeFL in reducing communica-
tion overhead, this subsection compares the total communica-
tion volume of four methods under different Tipresholg Values
and encoder configurations. Communication volume, as a key
metric for measuring interaction overhead, directly reflects
the extent of network bandwidth resource utilization by the
system. Figure 9(a—d) shows the total communication vol-
ume under Tipreshold configurations of 1.0 s, 0.7 s, 0.5 s, and
0.3 s, where the horizontal axis represents the encoder type
(ResNet-18/34/50/101) and the vertical axis represents the
total communication volume.

As shown in Figure 9(a), it can be observed that under
the Tinreshola configuration of 1.0 s, the communication vol-
ume of all four methods increases with the encoder depth.
Under the ResNet-101 model, TFL has the highest total com-
munication volume, reaching 31.8 GB, followed by HFL with
16.8 GB, while SeFL’s communication volume is 254.5 MB,
representing a reduction of 99.2% compared to TFL and
98.5% compared to HFL. Since TFL requires uploading and
downloading complete model parameters between vehicle-
side and the server, it has the highest communication volume.
Although HFL transmits partial semantic information, it up-
loads blurred features output by the shallow encoder with
insufficient compression, and also requires downloading deep
encoder parameters, leading to relatively high communication
overhead. In contrast, SeFL only uploads compressed seman-
tic features and downloads the single-layer classification task
head parameters, resulting in lower communication volume.
FTFL has the lowest communication volume at 67.4 MB, be-
cause FTFL only uploads or downloads classification task
head parameters, and the task head is a single fully connected
layer. Although FTFL has the lowest communication volume,
as shown in the experimental results from Section 4.2, its clas-
sification accuracy consistently remains below 30%, failing to
meet practical application requirements. Therefore, low com-
munication volume cannot compensate for its performance
degradation.

We find that under the ResNet-18 neural network con-
figuration, the communication overhead values are 8.4 GB,
5.9 GB, and 63.9 MB for TFL, HFL, and SeFL, respectively.
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The communication overhead of TFL remains two orders
of magnitude higher than that of SeFL. This indicates that
even under shallower network structures, SeFL’s communica-
tion efficiency advantage remains significant. Analyzing the
experimental results in Figure 9(b—d) under Tinreshold config-
urations of 0.7 s, 0.5 s, and 0.3 s, SeFL’s communication
volume advantage over TFL and HFL remains consistent
across different conditions.

In summary, SeFL outperforms the TFL and HFL base-
line methods in terms of communication overhead. Although
FTFL has a lower communication volume than SeFL, its
accuracy is too low. Considering both accuracy and com-
munication overhead, SeFL achieves optimal communication
efficiency while maintaining high accuracy. Furthermore,
these conclusions hold under different encoder configurations
and Tipreshold conditions, validating the generalizability of the
SeFL method. Therefore, SeFL is better suited for vehicular
network environments with limited network bandwidth re-
sources, particularly for practical application scenarios such
as large-scale vehicle collaborative training and edge comput-
ing with limited resources.

4.4 Convergence Speed Evaluation

To validate the performance of SeFL in improving training
efficiency, this subsection compares the convergence speed
of four methods under different Tipesholq Values and encoder
configurations. Convergence speed is measured by the aver-
age per-round iteration time, which comprehensively reflects
both local computation time and communication transmis-
sion time. Figure 10 shows the average per-round iteration
time under Tiyeshold configurations of 1.0 s, 0.7 s, 0.5 s, and
0.3 s, where the horizontal axis represents the encoder type
(ResNet-18/34/50/101) and the vertical axis represents the
average per-round iteration time.

As shown in Figure 10(a), it can be observed that under
the Tihreshold configuration of 1.0 s, the average per-round iter-
ation time of all four methods increases as the encoder depth
increases. Under the ResNet-101 model, TFL has the longest
per-round time, reaching 365.90 s. TFL has the longest per-
round time because it requires vehicle sides to complete
multiple iterations of local training and update model pa-
rameters, which increases local computation time, while the
transmission of complete model parameters further extends
the per-round time. FTFL has the second longest per-round
time at 203.57 s, because FTFL also requires waiting for
multiple vehicle-sides to complete local training and upload
partial model parameters, and vehicle sides still need to per-
form model update training, increasing training time. HFL
has a per-round time of 81.34 s, as HFL allows vehicle sides
to perform only partial model training through model split-
ting, reducing local computation time and transmission data
volume compared to TFL and FTFL. SeFL has the shortest
average per-round time at only 42.79 s, achieving an 88.31%
reduction in per-round iteration time compared to TFL. This
is because SeFL offloads the training process to the server,
eliminating the need for backpropagation updates on vehicle
sides and only transmitting compressed semantic features, re-
sulting in minimal local computation time, thus achieving the
shortest per-round iteration time and the fastest convergence
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speed. per-round iteration time and the fastest convergence
speed. Analyzing the experimental results in Figure 10(b—
d) under Tipreshola configurations of 0.7 s, 0.5 s, and 0.3 s,
it can be observed that SeFL’s advantage in per-round iter-
ation time over the other three methods remains consistent
across different Tipreshold- In summary, SeFL outperforms the
other three baseline methods in terms of convergence speed.
Furthermore, these conclusions hold under different encoder
configurations and Tipresholg conditions, validating the gen-
eralizability of the SeFL method. Therefore, SeFL achieves
faster convergence, making it more suitable for vehicular
network scenarios that require high model update timeliness.

4.5 Non-IID Robustness Evaluation

To further validate the consistency of SeFL’s advantage in
handling different degrees of non-IID data, we conducted
experiments using Dirichlet distributions with varying con-
centration parameters o € {1,0.3,0.1,0.05} to control the
degree of data non-IID among vehicles. The parameter o
determines the data distribution pattern. Specifically, a =
1 generates moderate non-IID, while a smaller value such
as o = 0.05 leads to stronger non-IID. Figure 11 presents
the results comparing SeFL with baseline methods based
on ResNet-101 under different o values. Two representative
time thresholds of Tinreshold = 1.0 s and Tinreshold = 0.3 s are
selected for evaluation.
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As shown in Figure 11(a), when Tipreshola = 1.0 s and
a = 1, TFL achieves an accuracy of approximately 95.6%,
slightly outperforming SeFL, which achieves 91.8%. How-
ever, when o drops to 0.05, TFL’s accuracy plummets to
71.3%, while SeFL maintains stable performance above 90%.
Figure 11(b) reveals that when Tinreshold = 0.3 s, due to the
combined effects of parameter aggregation delay and non-
IID data, TFL’s performance declines more severely across all
a values, whereas SeFL consistently maintains an accuracy
above 91%.

The results indicate that as the degree of data non-IID
increases, the advantage of SeFL over the baseline further
expands. This clearly demonstrates SeFL’s strong ability to
handle non-IID challenges, which are key bottlenecks in
practical IoV-FL systems.

5 Conclusion

This paper proposed a semantic FL framework for IoV,
termed SeFL, to address the challenges of high communi-
cation overhead, convergence degradation caused by com-
munication latency, and performance degradation due to
non-IID data in traditional FL. SeFL divided the model into
a pre-trained encoder on the vehicle-side and a classifica-
tion task head on the server. The vehicle-side only uploaded
compressed semantic features instead of model parameters,
significantly reducing communication overhead. The server
aggregated multi-source semantic features to reconstruct the
global data distribution, thereby mitigating the impact of non-
IID data. Meanwhile, delayed features are treated as new
samples to avoid convergence fluctuations caused by outdated
parameter aggregation. Under the ResNet-101 configuration
with Tipreshold Set to 1.0 s, experimental evaluation reveals
that SeFL attains 91.8% classification accuracy, exceeding
TFL and HFL by 8.8% and 18.0%, respectively. Furthermore,
SeFL demonstrates substantial improvements in communi-
cation efficiency and convergence performance, achieving
99.2% and 98.5% reductions in communication overhead
compared to TFL and HFL, along with 64.9% and 21.1%
faster convergence, respectively. When Tipreshola 1 shortened
to 0.3 s, SeFL exhibits stable accuracy while TFL suffers an
approximately 28.9% degradation.
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